Objective: To create an accurate prediction model using variables collected in widely available health administrative data records to identify hospitalizations for primary subarachnoid hemorrhage (SAH).
Primary subarachnoid hemorrhage (SAH) is an important but rare cause of cerebrovascular accidents that predominantly results from a ruptured saccular aneurysm or arteriovenous malformation (AVM) [1] [2] [3] [4] and leads to devastating outcomes with less than a third of patients making a complete recovery. 5 Prospectively studying uncommon diseases like primary SAH can be very costly and time-consuming; this makes the retrospective study of such populations using health administrative data attractive.
The identification of patients in administrative databases is often accomplished with diagnostic coding (e.g., ICD codes). This is very problematic in rare diseases because these codes frequently lack the accuracy required to reliably identify rare cases. [6] [7] [8] Few studies have documented the accuracy of ICD codes in SAH. [9] [10] [11] [12] [13] [14] [15] [16] [17] The positive predictive value of the code ranged among the studies from 33% to 100% but these studies have questionable utility because they were small (1-247 patients with SAH). More importantly, the prevalence of SAH in these samples was much higher than that in the general hospital population; this will result in study positive predictive values being extensively overestimated, resulting in a high number of cases incorrectly labeled as primary SAH. Only one study, involving 58 patients, reported the sensitivity and specificity of SAH codes (98% [95% confidence interval (CI) 90%-100%] and 92% [84%-96%], respectively). 14 This translates to a positive likelihood ratio (LR1) of 12. 25 . As a rare disease, primary SAH has a prevalence of only 0.06% among all hospitalizations (appendix e-1A at Neurology.org), resulting in very low pretest probability of disease. Thus, with such a low LR1, patients having these codes will have only a 0.74% probability of truly having the disease. These results demonstrate the dire need for better methods to accurately identify these patients retrospectively.
The objective of this study was to derive and validate a prediction model to accurately predict the probability that a patient truly had a primary SAH using variables widely available in health administrative data. Such a model would be widely generalizable and pertinent to the researcher. The improved accuracy of subsequent epidemiologic study has direct relevance to the bedside knowledge user including his or her understanding of natural history and prognostication.
METHODS Study setting. The Ottawa Hospital (TOH) is a tertiary care university hospital with 1,150 beds that provides all neurosurgical services to the City of Ottawa and the Champlain Local Health Integrated Network (approximate catchment population of 1.2 million, or 10% of the population of Ontario 18 ). The Ottawa Hospital Data Warehouse (TOHDW) is a collection of health datasets containing clinical and administrative data for all inpatient encounters at TOH. Included in the holdings of TOHDW is the Discharge Abstract Database (DAD), which is available from July 1, 2002. 19 The Discharge Abstract is an administrative dataset mandated by regulatory bodies that contains diagnostic, procedural, demographic, and administrative information for every hospitalization in Canada. 20 Most developed countries have similar databases for hospitalizations. The diagnostic codes utilized in the DAD are ICD-10CA. Procedures are captured according the Canadian Classification of Health Interventions codes.
Standard protocol approvals, registrations, and patient consents. Ethics approval for the study was obtained from the Ottawa Health Sciences Network Research Ethics Board using a waived consent model for this retrospective analysis.
Patient cohort used to derive and validate the prediction model. To derive and validate our prediction model, we used a complete cohort of previously identified primary SAH patients (reference population) admitted to TOH between July 1, 2002, and June 30, 2011. 21 We defined primary SAH as an SAH (supported by findings of CT head scan, lumbar puncture, or autopsy) that was the result of a ruptured aneurysm or AVM (from findings of angiography or autopsy). For the control group, we randomly selected from all TOH inpatient admissions over the same time period 2.5% of all patients greater than 17 years of age (figure 1). A random sample of 2.5% of inpatient admissions provided a cohort of approximately 10,000 admissions, which was the largest data sample achievable that maintained optimal function of the statistical software used for the analysis. Specific case-controls were not used to keep the sample as reflective of all hospital admissions against which the model is designed to identify primary SAH patients.
Variable selection for model derivation. The objective of our model was to predict primary SAH status using administrative data found in the DAD. Variables considered included demographic information (including patient age and sex) and hospitalization information (including admission service, diagnostic codes, hospital admission type [urgent or not], length of stay, surgical procedures coded, and transfers to intensive care unit). We also identified diagnostic codes and procedural codes that could be associated with SAH status for consideration of inclusion in the model by the following:
1. Collecting all diagnostic and procedural codes contained within the DAD for each encounter identified previously as primary SAH. 2. All diagnostic codes were grouped in order of frequency. This was repeated for procedural codes. Each diagnostic or procedural code with a frequency $10 (i.e., was observed in more than 10 encounters with primary SAH) was considered for inclusion in the model. 3. For each diagnostic and procedural code identified in (2), a binomial variable was created for each encounter identified in the derivation and validation datasets, where 1 represented the diagnosis or procedure as being present (or having occurred) and 0 as not. A missing variable would have been considered not present and assigned a 0.
Analysis. Model derivation and validation. We first constructed a multivariate logistic regression model but true cases were still not identified (results presented in appendix e-1B). We therefore conducted a recursive partitioning (RP) model. RP is a nonparametric regression method that clusters responses into homogenous groups. 22 It is useful in situations when the goal of correctly identifying a specific outcome group with high sensitivity is more important than overall accuracy. 23, 24 Chi-square tests with potential predictor variables against the dependent variable (primary SAH) created successive partitioning. At each step, every potential variable was considered for entry into the model by performing a x 2 test. The variable with the highest x 2 statistic meeting statistical significance was entered into the model. The Fisher Exact test was used for variables in which at least one cell in the 2 3 2 contingency table had fewer than 5 observations. A p value of 0.05 was used to determine statistical significance of the association between the potential predictor variable and primary SAH. In this fashion, a regression tree was constructed by creating branches at each splitting variable (node). Thus for each node, a branch was created for variable presence (variable 1) or absence (variable 0) of the splitting variables. This was repeated until no further variables met statistical significance for entry or each cell contained #1 of either outcome (primary SAH or no primary SAH). These were defined as terminal nodes. Variables that lacked clinical sensibility and did not contribute to a terminal node with at least 50% observed primary SAH events were removed.
Model performance. We measured model performance by generating 2 3 2 tables comparing predicted outcome with actual outcome to determine sensitivity, specificity, and likelihood ratios. Three separate classifications were examined to determine the expected outcome predicted by the model: (1) the terminal node was classified as primary SAH if the observed event rate exceeded or equaled 50%; (2) the terminal node was classified as primary SAH if the observed event rate exceeded or equaled 75%; and (3) the terminal node was classified as primary SAH if the observed event rate exceeded or equaled 90%.
The performance of the algorithm was then tested against the validation set. We measured model performance (accuracy) by comparing expected and observed number of patients with primary SAH based on the classification with 2 3 2 tables to calculate sensitivity, specificity, and LR1 with 95% CIs. All analyses were completed using SAS 9.2.
RESULTS Patient cohort. In total, 10,322 patient encounters were included, 631 of which had primary SAH (6.1%). These were randomly divided into 2 groups for model derivation (n 5 5,122; 315 [6.1%] primary SAH) and validation (n 5 5,200; 316 [6.1%] primary SAH).
Predictor variables. A total of 108 potential predictor variables were considered for inclusion in the model by considering all of the diagnostic and procedural codes that appeared more than 10 times in the discharge abstracts (DAD) of patients with primary SAH. Sixty-three variables were diagnostic codes, 38 were procedural codes, and 7 others were encounter characteristics (appendix e-1C). In addition to those variables found in the final models predicting primary SAH, we considered known risk factors (age, sex, hypertension), presenting characteristics (headache, visual disturbances, cardiac arrest), disease course variables (hydrocephalus, vasospasm, pulmonary edema, ventriculitis, seizures, stroke), and diagnostic/therapeutic variables (admitting service, brain imaging, externalized ventricular drain insertion). [25] [26] [27] [28] [29] Logistic regression predictive model. Twelve variables were included in the multivariate logistic regression model (appendix e-1B, table e-B1). Using the validation dataset and predicted probability of primary SAH of $50%, the model had a sensitivity of 96.8% and specificity of 99.7%, leading to an LR1 of 312 (table 1) .
Recursive partitioning model and predictive model performance. A total of 10 variables entered the final model with 12 splits and 13 terminal nodes (figure 2). Each terminal node consisted of patient groups with varying prevalence of primary SAH. The most highly discriminative predictor variable was the diagnostic code for SAH (I60). The presence of this code increased the probability of SAH from 6.1% to 97.6% ( figure 2A) . However, 7 patients (2.4%) with the code did not actually have a SAH diagnosis; none of these people had a code for therapeutic occlusion of an intracranial vessel (1JW51) and all had a hospital length of stay equal to or exceeding 48 hours ( figure 2A ). In the absence of introducing other variables, the sole use of the SAH diagnostic code (I60) would have missed 35 (11.1%) true cases of primary SAH (sensitivity of 88.9%). In the absence of having the diagnostic code I60 ( figure 2B) , the probability of SAH in these patients was only 0.7%. However, the introduction of other diagnostic codes (n 5 4), procedural codes (n 5 3), and encounter characteristics (n 5 2) created terminal nodes in which the probability of SAH varied between 75% and 100% (figure 2B, table 2).
Performance characteristics of the model in the validation cohort varied based on the SAH prevalence required in terminal nodes to delineate SAH (table 1) . Results were identical if the prevalence threshold of 50% or 75% was used in the recursive partitioning model with a sensitivity of 96.5% and a specificity of 99.8% (which translated to an LR1 of 483). Increasing the threshold to 90% yielded a higher specificity and increased the LR1 to 3,694; at a cost, however, of missing a quarter of all cases (sensitivity 75.6%). The performance of the logistic regression and recursive partitioning models were similar but the latter had a higher LR1, which led to greater posttest probability of identifying primary SAH patients (table 1) . At TOH, the prevalence of primary SAH is 16.7/ 10,000 hospital admissions (unreported data); thus the probability of any admission being for primary SAH is 0.17%. Implementing the recursive partitioning model (with the 50% prevalence threshold), identified patients would have a 44.7% probability of truly having a primary SAH (table 1) . Conversely, the odds of truly having primary SAH, if not identified by the model, are 7 in 100,000 admissions. DISCUSSION We have created a model that uses health administrative data to accurately identify hospital encounters having a strong likelihood of primary SAH. This model can be used to screen large populations of patients with health administrative data to identify large cohorts of SAH using primary chart review. This study demonstrates that complete cohorts of rare diseases, such as primary SAH, can be identified using routinely collected health data facilitating timely, cost-effective, and large-scale epidemiologic studies.
Our study has several notable findings and implications. First, the methods implemented in this study were comprehensive, and are necessary to minimize misclassification that can arise, particularly in rare diseases, from the solitary use of diagnostic codes for case ascertainment. These methods effectively incorporate overlapping search strategies. Overlapping strategies have improved the accuracy of case ascertainment in other disease processes including all stroke, osteoporosis, and acute kidney injury. 20, 30, 31 In the current study, misclassification was minimized by including multiple variables in a recursive partitioning model. As such, not having a DAD diagnostic code for primary SAH was insufficient alone to exclude SAH. Such patients were still likely to have primary SAH if, for example, they had undergone occlusion of an intracranial vessel, thereby improving the sensitivity of the search strategy compared to diagnostic code alone. With this model, given a pretest probability of primary SAH of approximately 16.7/10,000 hospital admissions, the probability of a patient actually having primary SAH if deemed positive by the model is 45%, or nearly 1 in 2. This is a substantial improvement on 0.74% probability from a diagnostic code alone as demonstrated in the Introduction.
This leads to the second implication in that accurately and feasibly identifying large complete cohorts 2) for the identification of patients with primary SAH using health administrative data. RP models cluster patients into homogenous groups based on the outcome. We used 3 different probability thresholds (column 1) for classifying patients in each prediction model as expecting to be with or without primary SAH. The probability of truly having or not having a primary SAH (final 2 columns) is based on the overall prevalence of SAH at the study hospital of 16.7 cases per 10,000 hospitalizations. a Indicates posttest probability of having primary SAH assuming an SAH prevalence of 16.7/10,000 hospital admissions at The Ottawa Hospital. There was no difference in performance between SAH prevalence $50% and $75%.
of rare diseases like primary SAH, retrospectively, is possible. The ability to identify large, populationbased cohorts of patients with a particular disease is of paramount importance to understand disease incidence, patient characteristics, risk factors, prognostic factors, and patient outcomes as well as health care resource utilization. For example, large-scale epidemiologic studies using cohorts derived from health administrative data with validated methods have been essential in our current understanding of severe sepsis [32] [33] [34] and cardiovascular disease. 35, 36 Comprehensive case ascertainment methods are essential for accurate epidemiologic study 33 ; we present an accurate method for primary SAH case ascertainment that could facilitate large-scale population-based study and importantly further our understanding of primary SAH disease epidemiology. This study's strengths support its findings. First, we demonstrate that case identification that includes but is not solely reliant on diagnostic codes as part of a case ascertainment strategy may improve accuracy. However, diagnostic codes cannot be discounted altogether in retrospective case ascertainment. We previously demonstrated that using ICD codes as part of a case ascertainment strategy identified additional cases of SAH that would have otherwise been missed. 21 This is because the data necessary to positively identify such a patient were either unavailable or associated with a separate hospital encounter. In our validation dataset, use of the diagnostic code for SAH alone had a sensitivity of 88.9%, which improved to 96.5% when additional variables are considered. Others have used ICD codes as part of an algorithm, including the British SAH study by Pobereskin, 37 where multiple overlapping methods (including diagnostic codes, imaging results, and operative datasets) were used to identify their cohort. With the current model, we overcome the poor generalizability of these case ascertainment methods given that few institutions have access to and ability to utilize such granular data. In our prediction model, only variables that are widely available in health administrative records were used, making the instituted methods potentially widely generalizable. Second, we utilized recursive partitioning methods to develop the model over logistic regression. This approach has been previously advocated by prediction rule experts when trying to completely separate 2 groups (e.g., those with and without a disease) using a highly sensitive rule. 24 Further, to avoid overfitting the data, separate derivation and validation sets were used, accomplishing the key first steps in developing a prediction rule. 38 Finally, we employed likelihood ratio formulation of the Bayes theorem to establish posttest probability of disease, which is less prone to future overestimations in disease probability caused by differences in disease prevalence. 39 Potential study weaknesses should be kept in mind when interpreting its results. The retrospective nature of this study in identifying patients with a specific disease process will always have inherent limitations that can only be overcome with a rigorous prospective protocol. We have attempted to limit any misclassification bias by using multiple predictive variables in our algorithms. It is possible that center-related systematic errors in coding or center-specific tendencies in relation to diagnostic workup and therapeutic approaches biased the prediction algorithm, limiting its generalizability to other centers. Certainly, validation of the prediction model in other settings is necessary to ensure its accuracy using datasets generated from other health care centers.
This study demonstrates how routinely collected and widely available administrative data can be used to predict the probability that any given hospital encounter is the result of a primary SAH (from either a ruptured aneurysm or AVM), thereby facilitating the identification of a complete and accurate cohort of a rare disease. The validity of our method must be demonstrated using datasets from other institutions. 
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